Choosing the right emoji to visually complement or condense the meaning of a message has become part of our daily life. Emojis are pictures, which are naturally combined with plain text, thus creating a new form of language. These pictures are the same independently of where we live, but they can be interpreted and used in different ways. In this paper we compare the meaning and the usage of emojis across different languages. Our results suggest that the overall semantics of the subset of the emojis we studied is preserved across all the languages we analysed. However, some emojis are interpreted in a different way from language to language, and this could be related to socio-geographical differences.
INTRODUCTION
The information society has considerably changed the way in which we communicate with each other mainly due to the advent of Social Media. Social networking platforms such as Twitter allow users to post short text messages to update followers on current affairs, sentiments, emotions and express opinions on any topic. During the last few years, Twitter users have started to extensively use emojis in their posts 1 . Emojis are pictures that can be naturally combined with plain text to create a new form of language 2 ; a practice also 1 Realtime Emoji use on Twitter can be tracked at http: //emojitracker.com/ 2 A complete list can be found at http://emojipedia.org/ Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than the author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org.
MM '16, October 15 -19, 2016 In spite of their assumed universality, the sense of an emoji may change from language to language and culture to culture. Understanding the meaning of emojis with respect to their context of use is important for multimedia information indexing, retrieval, or content extraction systems. In this paper we investigate the use of emojis across languages from a natural language processing viewpoint. We adopt an empirical research methodology relying on current vector space representation modelling [22, 15] to understand the "semantics" of these important elements of multimedia communication. More specifically, we collected a corpus of more than 30 million tweets in four languages, American English (USA), British English (UK), Peninsular Spanish (ESP), and Italian (ITA), and carried out various experiments to compare emojis. Despite the languages have different vocabularies and syntactic structures, we were able to find a way to compare the use of emojis across languages. Our results demonstrate that the semantics of the 150 most popular emojis is somehow preserved across different languages. Nevertheless, for some emojis we observed interesting language specific usage patterns. For instance, the emojis , , and seem to be used in different contexts across distinct languages, while there is a relative agreement on the cross-language use and meaning of and . In the next section we overview previous studies on emojis. In Section 3, we describe the dataset we have collected and the text processing tools we use to model the meaning of emojis across languages. By relying on this dataset, we run two experiments: in the first one (Section 4.1) for each emojis we compare the most similar ones in different languages. In our second experiment (Section 4.2) we focus on the comparison of the similarity of pairs of emojis across languages: in particular we analyse the language-dependent similarity matrices of the 150 most popular emojis. We find that the matrices that describe the four language variations considered are strongly correlated 3 . We conclude the pa- per with a summary of our findings and avenues for further research.
RELATED WORK
Currently, emojis represent a widespread and pervasive global communication device largely adopted by almost any Social Media service and instant messaging platform [12, 19, 18] . Emojis, like the older emoticons, support the possibility to express diverse types of contents in a visual, concise and appealing way that is perfectly suited to the informal style of Social Media communication. The meaning expressed by emoticons has been exploited to enable or improve several tasks related to the automated analysis of Social Media contents, like sentiment analysis [10, 9] . In this context, emoticons have also been often exploited to label and thus characterize the textual excerpts where they occur. As a consequence, by analyzing all the textual contents where a specific emoticon appears several sentiment and emotional lexicons have been build [23, 21, 21, 4] . Go et al. [8] and Castellucci et al. [7] use distant supervision over emotion-labeled textual contents in order to respectively train a sentiment classifier and build a polarity lexicon. Aoki et al. [1] describe a methodology to represent each emoticon as a vector of emotions and Jiang [11] proposed a sentiment and emotion classifier based on semantic spaces of emojis in the Chinese Website Sina Weibo.
Novak et al. [17] built a lexicons and drew a sentiment map of the 751 most frequently used emojis. Cappallo et al. [5] proposed Image2Emoji, a multimodal approach for generating emoji labels for images (they also presented a demo [6] ). Miller et al. [16] explored whether emoji renderings or differences across platforms (e.g. Apple's iPhone vs. Google's Nexus phone) give rise to diverse interpretations of emojis. Pavalanathan and Eisenstein [20] used a matching approach from causal inference to test whether the adoption of emojis causes individual users to employ fewer emoticons in their text on Twitter.
Finally, we explored meaning of Twitter emojis in American English with Distributional Semantics [3] . We tested our models with semantic similarity experiments, comparing our models with human assessment. We also carried out a qualitative evaluation, exploring cluster of emojis and the most related words to each emoji (the models can be found online 4 ). We also explored the usage of the emojis in Madrid and Barcelona [2] .
DATASET AND TEXT ANALYSIS
To support the creation of the semantic vectorial models presented in this paper we gathered a dataset composed of more than 30 million tweets retrieved with the Twitter APIs. We retrieved geo-located tweets that were posted from United States of America, United Kingdom, Spain, and Italy. We collected tweets from October 2015 to April 2016. We used geo-located tweets in order to retrieve tweets from real user, filtering out spam and bot generated tweets. The total number of tweets is 28,8 millions for USA, 2.1 for United Kingdom, 1.56 for Spain and 1.63 for Italy. Table  1 shows, for each language, the 15 most frequent emojis together with the number of times each emoji occurs. We can see that , and are the most common emojis in each one of the four languages considered.
In order to preprocess the text of each tweet we follow the same procedure of Barbieri et al. [3] . We modelled in the same vectorial space both the words and the emojis of tweets by means of embeddings, by relying on the skip-gram embedding model introduced by Mikolov et al. [14] with 300 dimensions and a window size of 6 tokens (we previously found out that this is the best configuration to model emojis [3] ). We built 4 models, one per language.
EXPERIMENTS AND EVALUATION
We run several experiments to compare the way the semantics of emojis varies across languages. In a first experiment (Section 4.1) we investigate if the meaning of single emojis is preserved across language variations. In a second experiment (Section 4.2), we compare the overall semantic models of the 150 most frequent emojis across languages.
Experiment 1
In our first experiment, we quantify how the meaning of an emoji A is preserved across different languages by measuring to what extent the emojis that are most similar to A overlap across languages. We exploit the vectorial representation of each emojis in a specific language to select the ones with similar vectors and thus presumably closest in meaning. We define the Nearest Neighbours NN l (e) of the emoji e in the language l, as the set of the 10 nearest emojis 5 to the emoji e in the semantic space of language l. We retrieve the nearest neighbours of each emojis with respect to its cosine similarity with other emojis. Note that the semantic vectors are derived from co-occurrence statistics extracted from both emojis and words. However, since an emoji is defined by other similar emojis, we are able to compare these representations across different languages. In order to see if an emoji is similarly defined in two languages, 55 4  1  5  1  4  3  0  14  5  3  0  4  0  1  0  57  2  2  2  3  1  2  0  85  3  3  2  2  1  1  0  87  1  5  2  2  0  2  0  30  0  0  1  3  3  3  0  95  0  4  2  0  1  2  0  149  3  4  0  1  0  1  0  148  3  0  0  1  1  3  0  100  3  1  2  2  0  0  0  69  3 we look at the common elements in the NN representation of that emoji in the two languages. If the representations of the emoji in different languages share many elements it would mean that the emoji is defined and thus used in a similar way. If there are not common elements among the two representations, the emoji is more likely to mean something different in the two languages. More precisely, to determine if emoji e is similar in language l1 and l2 we measure the size of the intersection of the NN sets:
We assume that if sim l 1 l 2 is equal to 10, the emoji e has the same meaning in the languages l1 and l2. On the other hand, if sim l 1 l 2 is equal to 0 the emoji means something different in the two languages. Moreover, we also measure whether an emoji means the same across all the languages by looking at the overlap of all the sets of emojis that are most similar to the emoji e in 
where n is the number of languages.
In the top half of Table 2 we report the results of Experiment 1 for the emojis with highest sim all . For each emoji are indicated the rank (where 1 is the most common emoji over the four languages and 150 is the least used emoji), the six combinations of sim l 1 l 2 , and the sim all . The emojis that seem to keep the same meaning independently from the language are the music, nature and food related ones. In the bottom half of Table 2 are reported the emojis with the lowest sim all (all emojis have a sim all score equal to 0): these emojis meanings are probably language dependent. Looking at the bottom of the table we can see that the emojis and are used in a very different way across all the languages, and each language seems to have its own way to define them. Also the emojis , , and do not seem to keep their meaning across different languages (the number 100 for example might be just a number or a excellent grade). For the waving-hand emoji , we also plot the NN for USA and UK, (Figure 1 ) and we can observe that these two emojis are interpreted in different ways. In the case of American English the waving-hand seems to mean bye/see you later (smiles and people waving), while for British English the waving-hand emojis is related to travelling (countries flags, train and airplane are included in the NN). On the other hand, , , , and are concrete objects but they are exploited to convey different meanings across different languages.
Experiment 2
In order to understand the use and the similarity of pairs of emojis across different languages we compute for each language the similarity matrix of the 150 emojis that we are studying. The value of each cell of this matrix is equal to the cosine similarity of the corresponding pair of emojis. We Table 4 : Experiment 2, pair of emojis with highest similarity difference between two languages.
normalise the cosine similarity values by the average cosine similarity of all the pairs of emojis.
Correlation Between Languages
We take advantage of the similarity matrices to analyse whether two languages represent emojis in similar ways. The Pearson's correlation of the similarity matrices of the four languages are reported in Table 3 . We can see that most of the languages are strongly correlated to each other. This is an interest finding, as vocabularies of the languages are different, and the context words modelled by the semantic spaces too, but the semantic of the emojis we studied is in some way preserved. American English and Spanish are the languages that interpret emojis in the most universal way, with high correlation to all the other languages (both with an average of 0.734). British English has a lower similarity matrix correlation with other languages (average of 0.727) and Italian scores an even lower average correlation, 0.713. This suggests that these two latter languages interpret emojis in a slightly different way than the other languages, especially Italian.
Looking at the single emoji-pairs similarities, the strongest correlation is between USA and UK (0.760), probably supported by similar vocabularies, and the weakest is between USA and ITA (0.698). On the other hand, Italian has high correlation with Spanish (0.739), while Spanish correlates better with Italian and American English than British English.
Emoji Differences
Even if we observed that in most of the cases the semantics of emojis is somehow preserved across languages, we can also spot some interesting difference in the language-specific use of these pictograms. In particular, in this section we explore the disagreement in the similarity matrices of the four languages (using a method similar to [13] ). We analyse the pairs of emojis that have different similarities across two languages. Table 4 shows the similarity matrix scores of pairs of emojis for all the possible language combinations. We report pairs of emojis which are semantically related in one language (e.g. USA) but unrelated in the other (e.g. UK).
The emojis with higher differences in American and British English are and that are similar in USA but not in UK. On the other hand the emoji seems to be used in a different ways in UK, as it scores higher than USA with the emojis , , and . It seems that the gift emoji is used mostly as Christmas gift in UK. Other interesting combinations are and that apparently are very similar in USA but not in Spain, and the pizza emoji which highly correlates with in Italian but not in USA, probably for the different way to eat pizza in these two countries.
An interesting pattern in the UK results are the emojis related to the beach and the good weather: emojis like , , , and are similar to each other in Italian and Spanish, but not in British English, and this is probably related to the countries geographical location.
Two emojis that are used in a different way in Spain are and . They both appear in various combinations in the disagreement table (Table 4) of the Spanish language. The sly smile and are similar in Spain but not in UK and Italy, suggesting that the combination is frequently used only in Spain. One of the differences between Spanish and Italian is the emoji that in Spanish is similar to , and , but not in Italian. One last interesting pattern is the emoji that in Italian means approvement as it is similar to emojis like and , but it is not the case in USA and UK (where probably the emoji is used instead).
CONCLUSIONS
In this paper we explore the meaning and usage of emojis across four languages: American English, British English, Peninsular Spanish and Italian. We use distributional semantic models to represent the semantics of the emojis in the four languages, and we compare the language-specific models of each emoji. Our results suggest that in spite of differences in use of emojis across the languages we studied, the overall semantics of the most frequent emojis is similar. These are only preliminary results, and we are planning to run further, more extensive analyses of the cross-language meaning of emojis in the near future.
